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The drivers of effectiveness of prescribed fire treatment

Abstract
Prescribed burning for fuel reduction is a major strategy for reducing the risk from
unplanned fire. While there are theoretical studies suggesting that prescribed fire has a
strong negative influence on the subsequent area of unplanned fire (so called
leverage), many empirical studies find a more modest influence. Here, I develop a
series of simulations to explore the landscape drivers of leverage. Leverage declines
with treatment level in a non-linear, ‘decay’ relationship, implying diminishing
effectiveness. The spatial configuration of the prescribed fire treatment has a major
effect: long linear (gridded) barriers are far more effective than patch barriers, but
gaps in the grid lead to large reduction in leverage. However, the extent of unplanned
fires in the landscape has the largest influence such that a landscape with 3% annual
extent has only one fifth of the leverage of a landscape with 28%. Leverage decreases
with the probability of spread, suggesting that treatment is less effective when fireweather is severe. For gridded designs, leverage increases with the size of individual
fires, but this is not the case for patch designs. These results agree well with recent
empirical studies that find prescribed burning has only a modest effect on subsequent
unplanned fire in many biomes. They also help to explain why those empirical studies
report lower effectiveness than many simulation studies. In practice, leverage values
above 1 (replacement of unplanned with planned fire) are hard to achieve.

Keywords: Wildland Fire, Simulation Model, Cellular Automata, Fire Management,
Fire Risk, Leverage
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Introduction
In the many parts of the world where unplanned (wild) fire poses a threat to people
and property, fuel management via prescribed burning is practiced to reduce the risks
(Baeza et al. 2002; Cheney 1994; Luke and McArthur 1977). Despite its widespread
use, and many advocates (Anon 2008; Brewer and Rogers 2006; Esplin et al. 2003;
Minnich 1998), the efficacy of prescribed fire is poorly understood (Fernandes and
Botelho 2003). In particular, there is contrasting evidence over the influence of
prescribed burning on the extent of subsequent unplanned fire: some studies suggest a
very strong influence and others finding that the influence is minimal. Thus managers
face uncertainty over the best allocation of limited resources to risk reduction
strategies. In this paper, I attempt to reconcile the disparities and derive some
principles to predict the effectiveness of prescribed burning by exploring several
scenarios in a simulation environment. I focus on the area burnt rather than other
aspects of the behaviour of subsequent unplanned fire. Recently burnt patches have
multiple risk-reduction benefits because they also reduce the intensity, rate-of-spread
and spotting potential of unplanned fires (Fernandes and Botelho 2003; Grant and
Wouters 1993; McCarthy and Tolhurst 2001).

In Australia, there have been case studies that found unplanned fires stopped in
recently burnt prescribed patches (Rawson et al. 1985; Underwood et al. 1985; Grant
and Wouters 1993; McCarthy and Tollhurst 2001). A more comprehensive study from
south-eastern Australia found that unplanned fires usually burn through prescribed
patches, even as soon as one year after their implementation (Price and Bradstock
2010). Elsewhere, it has been noted that large unplanned fires are rarely affected by
prescribed fire patches because either they rarely encounter patches (Rhodes and
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Baker 2008) or simply burn around them (Dunn 1989), and that no effect of
prescribed fire on unplanned fire area can be detected (Keeley 2002). However, there
is some evidence that prescribed burn patches cause shadows of unburnt vegetation on
their lee side (Finney et al. 2005). Empirical studies of unplanned fires at the regional
scale have found that the area of treatment greatly exceeds the reduction in the area of
unplanned fire (Boer et al. 2009; Price and Bradstock 2011).

The results of simulation studies often reach the opposite conclusion to those
empirical studies: that small amounts of treatment result in large reductions in area
burnt by unplanned fires (Finney 2007; King et al. 2006; Loehle 2004). Loehle (2004)
coined the term leverage to mean the area of unplanned fire reduction (from an
untreated state) obtained per unit of treatment. It is the absolute value of the slope of
the relationship between area treated (x) and subsequent area of unplanned fire (y).
Where leverage > 1, prescribed burning treatment leads to a reduction in the total area
burnt (by prescribed and wildfires) but where leverage < 1, treatment increases the
total area burnt. He found that his landscape was essentially fire-proof (i.e. unplanned
area < 1% of the untreated level), when 30% of the landscape was treated randomly or
when 11% was treated in grids a single cell width. Finney (2007) found that treating
1% of the landscape per annum in an optimised design reduced the probability of
burning by about 60%. King et al. (2006) found that treating 5% of the landscape
reduced the area burnt by about 50%. Given these disparities, there is a need for
synthesis.

Given that human lives and assets are exposed to fire risk over large parts of the
world, it is important to gain a better understanding of the conditions under which
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prescribed burning is more or less effective. However, there is also an important
ecological issue. If prescribed fires only have a minor influence on unplanned fires,
then risk management strategies using prescribed fire will probably increase the
overall fire extent and hence reduce the mean inter-fire period (Boer et al. 2009;
Keeley 2002). Plants and animals with a life-cycle requirement for long inter-fire
periods are thus likely to be negatively affected (Bradstock et al. 1998; Syphard et al.
2006)

In order to reconcile the disparities in previous studies one may pose the more general
question: what are the drivers of leverage? Loehle (2004) and Finney (2007)
identified the area treated and spatial design as drivers, but there are many other
potential variables, which I investigate here by posing a series of testable hypotheses:
1. Leverage is negatively related to treatment level. This hypothesis is based largely
on previous simulation results, but alternative relationships could be envisaged.
For example, a positive relationship would result if a certain threshold of
treatment causes the untreated part of landscape to lose connectivity, much like
the thresholds found in percolation studies (Wiens et al. 1997; With et al. 1999).
2. Leverage is higher for linear, gridded treatment designs than patchy designs (as
found by Loehle (2004)), and porous grids (grids with holes or partial fuel
reduction) are intermediate.
3. Leverage is negatively related to the probability of spread of the unplanned fire
because prescribed burn patches are more likely to be burnt around if fires spread
more easily. This hypothesis explores the effect that severe fire-weather may have
on the effectiveness of treatment.
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4. Leverage is positively related to the extent of fire. This hypothesis was prompted
by the findings of Rhodes and Baker (2008) and Price and Bradstock (2011) who
both found that most prescribed fire patches in forest were not encountered by a
subsequent unplanned fire within five years.
5. Leverage is positively related to the size of individual fires because small fires are
less likely to encounter a treated area.

Here, I used a simple modelling platform similar to Loehle (2004) to explore these
relationships. Those components that were found to be important were combined into
more realistic scenarios describing two fire-prone biomes: dry sclerophyll eucalypt
forest and tropical savannas. These are two well-studied cases that span a five-fold
range in frequency, and are broadly comparable to fire regimes in similar
environments elsewhere on in the world. The results of the simulations were also
analysed using regression trees to compare the relative influence of each of these
variables on leverage.

Methods
The simulation model used a grid surface of 500x500 cells and fires spread to
neighbouring cells stochastically according to a defined probability in exactly the
same way as the models of Hargrove et al. (2000) and Loehle (2004). This approach is
described by Sullivan (2009) as cellular automata, and he cites 11 previous fire
simulations that use the same method. A ‘fuel’ grid was used with values of the
probability that a fire will spread from a burning cell to its neighbours, initially set at
0.9 for every cell. This probability was chosen to represent a fire that was essentially
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unimpeded in an untreated landscape (the probability that a cell would burn if
surrounded by fire was >0.9999). Treatments were introduced by altering the fuel grid
(usually applying a value of 0) according to the treatment design and level.

There was also a burn grid that initially contained all zero values, and which were
changed to one when a cell burned. 20 unplanned fires were ignited sequentially with
random locations and random wind bearing (one of 8 compass bearings). Each
burning cell could spread to any of its eight neighbours, with a random chance of
spread determined by the fuel grid, multiplied by a wind-angle factor (1 for head-fire,
0.3 for 45o and 0.15 for all other wind-angles). If a cell was unburnt in this process, it
may be burnt later as the neighbour of another cell but could not be burnt twice. In
order to keep track of the fires, each cell that was determined to have burnt was added
to a list of burning cells, and once all the neighbours of a burning cell had been tested,
it was removed from the list. The program propagated a fire by looping through the
current list of burning cells for each time-step. The fires burnt for 100 time-steps, and
another multiplicative factor was used to simulate a gradual easing spread probability
such that the fires were not spreading at the end of the 100 time-steps. The number of
time-steps and the spread probability determined the mean size of fires. The number
of fires and time-steps were selected so that each fire would burn approximately 0.5%
of the landscape and the 20 fires a total of 10% (in the absence of treatment).

The simulation was not designed to be a realistic representation of fire behaviour, or
fire management strategies. For example, cell-to-cell spread is a poor representation
of the true pattern of fire spread, which is better represented as a Huygens wave
propagation model (Pastor et al. 2003; Sullivan 2009). Also, the temporal and spatial
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scales are arbitrary and the treatment designs are somewhat naïve. The model used a
minimum number of parameters that capture the basic spatial response of fires to
barriers in their path, the sensitivities of which can be explored while keeping the
other parameters constant.

Treatment level
Using this simulation platform, several ‘experiments’ were performed to explore
drivers of leverage, which are listed in Table 1. For each experiment or scenario, 16
different simulations were conducted with incremental treatment levels (0, 0.5, 1, 2, 3,
4, 5, 6, 8, 10, 12, 15, 20, 25, 30 or 40% of the cells). 100 replicate simulations were
conducted at each treatment level, and the mean area burnt by the fires was recorded,
from which leverage was also calculated. Leverage is defined as the percentage
reduction in area burnt (compared to the untreated landscape) divided by the
percentage area treated (Loehle 2004). While there was some stochasticity in the
model, 100 replicates gave confidence intervals for the area burnt of +/- 0.2%. The
random allocation of the 20 subsequent unplanned ignitions meant that they could
occur in a treated cell, in which case they could not spread if surrounded by other
treated cells.

Spatial configuration.
Treatments were implemented as patches or grids. Patches were 4 x 8 cells oriented EW, positioned randomly on the grid. Grids were lines of single cell width extending
N-S and E-W all the way across the grid, with the distance between the lines adjusted
according to the treatment level. These two models were referred to as the default
patch and grid scenarios. The spatial pattern of three simulations are shown in Figure
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1. There were also several scenarios where the grid implementation was porous. For
two of these, either one in 5 or one in 10 cells in the grid barrier was not treated
(selected randomly) to simulate gaps in the grid barrier. There were also two scenarios
where the fuels in the grid were assigned a value of 0.2, and 0.33 rather than 0, to
simulate the effect of incomplete fuel reduction.

Probability of spread
In addition to the default setting for the probability of spread (0.9), three alternative
probabilities were explored for the grid and patch designs: P = 1.0, 0.8 and 0.7. This
affected the size of resultant fires, so the time-steps for each scenario were also varied
to ensure the overall extent of fires was the same as the default scenarios. The
scenarios used 70, 180 and 800 steps respectively.

Unplanned fire extent.
For both patch and grid designs, four additional scenarios were tested varying the total
area burnt by changing the number of fires ignited. These used 80 fires (mean 28% of
the landscape burnt), 40 fires (17%), 10 fires (5.2%) and 5 fires (2.7%).

Individual unplanned fire size.
For both patch and grid designs, three different fire sizes were tested, while keeping to
overall area burnt constant. The default scenarios had a mean fire size of 1250 cells
(0.5% of the landscape). One scenario used 100 small fires (mean size of 250 cells),
and the other scenario used five large fires (mean size of 5000 cells). The change in
the mean size of fires was achieved by changing the number of time-steps for which
they burnt (40 for small fires, 240 for large ones). In real landscapes, fires have a
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variety of sizes, with most being small and a few being large (Boer et al. 2008;
Bradstock et al. 2009; Ricotta et al. 2001). To test whether this influences leverage,
one scenario each for the grid and patch designs were conducted where the number of
time-steps for each of the 20 fires was selected randomly from a distribution derived
from the distribution derived to match the relative fire sizes from the Sydney region
(for the years 1977 – 2007, Department of Environment, Climate Change and Water,
unpublished data).

Incorporating residual fuel reduction.
The retarding effect of prescribed burns can last for several years while fuels
accumulate, so annual treatment rates can have a cumulative effect on fire behaviour.
In addition to the default scenarios (that in effect assume an immediate recovery of
fuels), three scenarios each for the patch and grid designs were conducted with slow,
medium and fast fuel accumulation.
The accumulation of fire spread potential was modelled by an exponential equation:

Padj = P * (1 – e-k t),

where P is the probability of burning in untreated cells, t is time since fire in years,
and k is the accumulation coefficient. This formula has the same structure as the
commonly used Olson fuel accumulation model (McCarthy et al. 2001; Olson 1963).
For the grid design, fuel accumulation was simulated by repeating the grid treatment
five times with incremental t values (0 to 4 years) with each set of grids offset by one
fifth of the separation between grids. For the patch design, the accumulation was
implemented by repeating the treatment five times with random placement and some
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cells could be treated more than once, in which case, the more recent treatment took
precedence. Notice that at high levels of treatment (e.g. > 20%), almost all of the
landscape could be in a fuel-reduced state. The three values of k tested were 0.25, 0.5
and 1, which respectively allow fire spread potential to recover to 90% of the
untreated level after 9.2, 4.6 and 2.3 years. Here, I assume that the spread probability
recovers more quickly than fuel load, for which k values are lower than 0.25 in many
ecosystems.

‘Realistic’ scenarios.
By using fire size distributions, fuel accumulation and adjusting the mean size and
number of fires, I created scenarios that attempted to realistically model the situation
for two fire-prone Australian biomes: dry sclerophyll forest in the Sydney region of
NSW and tropical savannah woodland in western Arnhem Land. These two span a
five-fold range in fire frequency. Dry sclerophyll forest is the most extensive
vegetation type in the Sydney region. Approximately 5% burns each year (Price and
Bradstock 2010), mostly in the summer months under a warm temperate climate with
year round rainfall. Litter fall forms the bulk of the fuel, and this accumulates over
several years (Conroy 1993). In the global context, 5% per year is a mid-range. For
example, it is similar to that reported for shrub-lands in Spain (Pausas et al. 2008), but
much higher than boreal forests (Flannigan et al. 2005) or chaparral (Minnich and
Chou 1997). Here, the k fuel accumulation parameter was set to 0.5, to reflect full
recovery of fire spread potential after five years. This value is higher than the
accumulation in fuel load (Conroy 1993) and was influenced the findings from
previous studies that unplanned fires sometimes burn through prescribed patches two
or sometimes one year following treatment (Price and Bradstock 2010). Based on 30
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years of mapped fire history, the mean size of fires in the Sydney region was 687 ha
(Department of Environment, Climate Change and Water, unpublished data) or 0.04%
of the forested area of 1.9m ha. To match the size and incidence of fires, the
simulation was tuned to ignite 100 fires of mean area 125 cells (0.05% of the
landscape). These fires were only 1/10 the size used in the default scenarios.

West Arnhem Land is dominated by eucalypt savanna woodland, typical of the
monsoonal tropics of Australia. Rainfall is highly seasonal, and fires are very
extensive during the six-month dry season (approximately 25% burns each year
(Russell-Smith et al. 2003)). Savannas are the most fire-prone environments on earth
(Dwyer et al. 2000), so this case study represents the upper bound of fire extent. The
mainly grass fuels recover rapidly (Russell-Smith et al. 2009). Here, k was set to 1, so
that Padj recovered to 63% of P after one year and to 86% after two years. For the
simulation, I used 280 fires of mean size 250 cells (0.1% of the landscape, or twice
the size of the Sydney scenarios) per replicate.

Statistical analysis
In order to objectively compare the influence of the various factors on leverage, I
conducted a regression tree analysis of the simulation results. Leverage was the
dependent variable and the explanatory variables were treatment level (% of area),
design (grid or patch), fire extent (% of landscape burnt by unplanned fires), fire
count, time steps, porosity, spread probability, fuel accumulation k, and whether fire
size distributions were used (yes or no). The regression tree was truncated to the
number of nodes that optimised the trade-off between deviance explained and
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complexity of the tree. The sample size for the complete data set was 540 (36
scenarios x 15 non-zero treatment levels).

Results
The leverage values at treatment levels of 1% and 10% are shown for each of the 36
scenarios for comparison in Table 2.

Treatment level
The area of unplanned fires decreased with increasing treatment level for all of the
scenarios (e.g. Figure 2a). The relationship was non-linear with both unplanned area
and leverage following an exponential ‘decay’ curve, so that some unplanned fire
remained in the landscape no matter how much treatment was applied.

Spatial configuration
The decline in unplanned fire area with treatment level was much more rapid for the
grid design than the patch design (Figure 2a). For the grid design, unplanned fire had
been reduced to less than 1% (i.e. 10% of the untreated) after 8% of the landscape had
been treated, while for the patch design, unplanned fire remained greater than 3%
even after 20% treatment. Leverage was high for the grid design, and remained above
1 until 10% of the landscape was treated, while leverage was much lower for the
patch design, falling below 1 after only 1% treatment (Figure 2b). Porous grids were
much less effective than perfect ones. With only one porous cell in 10, the area of
unplanned fire was twice that of the perfect grid at all treatment levels above 5%
(Figure 2a). The effect of introducing one porous cell in five was approximately the
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same as reducing fuels to 20% rather than 0% (Figure 2), while the design with fuels
reduced to 33% was very little better than the patch design.

Probability of spread
When fire spread probability was reduced, treatment was more effective, so that at P =
0.7, the patch design approached the effectiveness of the grid design at P = 0.9 (Figure
3a,b). This was because lateral spread of the fires was reduced (they were more
elongated) and so less likely to be blocked by a treated patch. Increasing the spread
probability to 1 reduced treatment effectiveness, but only slightly, presumably
because spread in any direction is highly likely anyway at P = 0.9.

Fire extent
Fire extent had a strong influence on the response to treatment for both the patch and
grid designs (Figure 4). When fires occupied 28% of the landscape (in the absence of
treatment), both designs sustained leverage values above 1 for a wide range of
treatment levels. Conversely, when fires occupied only 3% of the landscape, neither
treatment achieved leverage values above 1 at any treatment level. The other scenarios
with intermediate fire extents showed intermediate responses (not shown on Figure 4).

Fire size
Fire size had a strong effect on the grid design, but much less on the patch design
(Figure 5). Small fires were less influenced by treatment, and consequently, for the
scenario with 100 small fires, neither the patch or grid designs achieved a leverage of
1 for any level of treatment. When a fire size distribution was used, the area of
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unplanned fires was reduced: only very slightly for the patch design but considerably
for the grid design (Figure 5). The effect was very similar to using larger fires.

Residual fuel reduction
Incorporating fuel accumulation reduced the area burnt and increased leverage for all
treatment levels, but particularly for the patch design (Figure 6), and the effect
increased with increasing time to re-accumulate fuel. When a was set to 0.25,
leverage was more than double the default patch design for treatments below 10%.

“Realistic scenarios”
The Sydney scenarios, incorporating fire size distributions, realistic fire sizes, fire
extent, and fuel accumulation, had lower area burnt and higher leverage than the
unaltered scenarios for the patch design but not for the grid design (Figure 7a).
leverage was above 1 for the grid design at a treatment level of 0.5% but declined
rapidly with treatment level. For the patch design leverage was 0.5 at low treatment
levels and declined to 0.25 at high treatment levels. The Arnhem Land scenarios also
had lower area burnt and higher leverage than the unaltered scenarios for the patch
design but also for low treatment levels of the grid design. The patch design achieved
a leverage of between 1 and 2 for all levels of treatment (Figure 7b), though it
declined gradually to 1.1. The grid design had much higher leverage (above 4 at low
treatment levels), but converged with the patch treatment at high treatment levels.

Statistical analysis
The regression tree analysis explained more than 75% of the variation in leverage
among the scenarios (pseudo-r2 = 0.786) with 16 terminal nodes. The most
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parsimonious tree had 6 terminal nodes, with a pseudo-r2 of 0.595. This discriminated
the leverage values on three variables: the first division being on fire extent, the
second on treatment level and the third being spatial design (Figure 8). Grids had
higher leverage than patch designs, but only at treatment levels less than 9%. If the
fire extent was less than 22.5% of the landscape and the treatment level was less than
9%, then the mean leverage was only 0.38 irrespective of the spatial design. Very high
leverage values (> 2) could only be obtained with high fire extent, low treatment
levels and grid designs (mean 4.6).

Discussion
Loehle (2004) and others have found in simulations that prescribed fires can have a
dramatic effect on the extent of unplanned fires. However, much of the empirical
evidence suggests that the effect is modest. This simulation study has successfully
reproduced the results of Loehle (2004) but has also identified situations where the
results are radically different. In other words, the results explain why there is a
discrepancy between the empirical and simulation studies. Moreover, they suggest
that there are fundamental landscape principles that determine leverage from planned
fire. These may be used to predict the leverage that could be achieved generally, in
other fire-prone biomes across the world. The discussion will expand on these
principles.

The spatial configuration has a profound influence on the effectiveness of treatments.
Gridded designs reduce fire extent greatly even at low levels of treatment. This is
because even a low level grid treatment can subdivide the landscape into much
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smaller units, and fires cannot spread between them. In our simulation, the 0.5%
treatment divided the landscape into four parts. Clearly, gridded designs are what
managers ought to aim for, but they can rarely be achieved in practice because there is
always a substantial chance that the fire will burn through or spot across treated areas.
If they are porous, they rapidly decline in effectiveness and become more like the
patch design. Why should this be? It is because the fire meets the barrier along a long
front (the length depending on the size of the fire), but only one small gap is needed
for the fire to come through (Price et al. 2007). A grid with gaps is just a collection of
patches. Failure to eliminate fuels acts in the same way as gaps: leaving a small
chance that the fire can burn across the barrier results in many fires doing so because
many parts of the barrier are tested by each fire. Fires spotting across control lines can
be thought of in the same way: it only takes one spot for the whole line to fail. The
effect of imperfections is probably the main reason for the discrepancy between
empirical and simulation studies.

All of the scenarios showed a concave relationship between area treated and
unplanned area burnt. Other simulation studies generally find a concave relationship
or even a threshold (Finney et al. 2007; King et al. 2006; Loehle 2004), though in
some cases non-linearity was weak (Bradstock et al. 2008). Empirical studies have
found strong non-linearity (Boer et al. 2009), weak non-linearity (Price et al. in press)
or failed to detect non-linearity (Price and Bradstock 2011). This study explains why
the empirical studies do not necessarily detect the non-linearity: it is weak if the
treatment design is patchy and if only a narrow range of treatment levels are sampled.
No thresholds were revealed in this study, even though in the residual fuel scenarios
there were cases where almost all of the landscape was in a reduced-fuel state. The
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reason is that there is always a chance that fire will occur as long as there are
untreated areas and a finite probability that an ignition will occur within them. This
finding is contrary to the threshold reported by Loehle (2004), and the difference is
probably due to the higher resolution and smaller relative size of fires in this study.
The concave relationship, without thresholds, between treatment level and unplanned
fire area is probably a fundamental property of fires in all biomes and for all treatment
strategies. It has two important implications. First, while extent of unplanned fire can
be substantially reduced, it can probably never be eliminated from a landscape, as
long as ignitions occur. Second, treatment will yield diminishing returns with
increasing effort, which means a cost-benefit analysis will conclude that treatment
above a certain level is not worthwhile. Where this level lies for any particular region
is a complex matter and will depend on the factors outlined here as well as the value
of the assets to be protected and the costs of management.

There is a strong positive relationship between the extent of fire in the landscape and
the effectiveness of treatment. This is because when the fire extent is low, most of the
treated areas are not encountered by a fire and so cannot be effective. This was the
finding in Price and Bradstock’s (2010) empirical study of prescribed fire patches in
the Sydney region: only 20% of the 670 examined were encountered by an unplanned
fire within five years. The same phenomenon has been observed in forests in the USA
(Rhodes and Baker 2008). Notice that in Loehle (2004) study, the single unplanned
fire occupied about 50% of the untreated landscape. This is well above a plausible
long term mean for any landscape in the world, and helps to explain why his
treatments were so effective.
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The probability of spread has a negative relationship with leverage. At P = 0.7, most
of the fires were strongly elongated because lateral spread was unlikely, and the fires
had considerable internal patchiness. Loehle (2004) used P = 0.7, and this is one of
the reasons that his leverage values were high. In the real world, probability of spread
is strongly related to weather conditions, as encapsulated in equations for rate-ofspread (Gould et al. 2007; McArthur 1967; Rothermel 1983; Wotton et al. 2009). This
study corroborates previous conclusions that fuel treatment will be less effective when
the weather is more severe (Fernandes and Botelho 2003). Unfortunately, this is when
the benefit from fuel treatment is most needed.

The size of fires has a positive relationship with effectiveness, but this was much
stronger for gridded designs than patch designs. This is because grids are effective
only when there is a high chance that a fire starting within them will spread to their
boundary. Clearly if the grid is large and the fire is small, this is unlikely. My
simulations show that when the fire size and grid size are equal, approximately 90%
of the fire area is eliminated. When the fires are only 1/10 the size of the grid, then
only about 35% of the unplanned fire area is eliminated. This result is important for
management: the size of the grids must be matched to the size of the fires over which
control is desired. Sampling fire sizes from a realistic distribution tended to act in the
same way as selecting larger fires. Presumably this is simply because fire size
distributions include some large fires, which strongly influence treatment
effectiveness.

In many parts of the world, climate change is likely to lead to more frequent and
larger fires (mostly due to the weather effect) (Bradstock et al. 2008; Flannigan et al.
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2005; Podur and Watton 2010; Wotton et al. 2003), and hence increased fire
management will be needed to counter this trend. My simulations suggest that
leverage is likely to decrease as a result of more extreme weather under climate
change because it decreases with spread probability and with treatment level.
However, leverage will increase if the size of fires or the total extent of fire also
increase. Thus, it is hard to predict what the net consequences of climate change will
be.

Allowing for fuel accumulation increases the influence of planned fire, substantially
for patch designs, approximately doubling the effect on unplanned fire area, but only
slightly for grid designs. The enhancement of the patch design is presumably because
it greatly increases the number of barriers, and although they aren’t particularly
effective, they still contribute to a design that is not particularly effective anyway.
Adding porous grids to the grid design does not improve it much because its
effectiveness depends so strongly on imperviousness.

Many of these scenarios yielded leverage values below 1. This was the case for all
patch designs at treatment levels above 0.5% with the exception of the scenarios with
fire extents of 28%. It was also true for the all levels of treatment for the gridded
design when the fire incidence was 3% or when 100 small fires were used. When
leverage is below 1, prescribed fire treatment leads to an increase in the total burnt
area. This has important implications for the conservation of fire-sensitive species and
for greenhouse gas emissions. Increasing the total area burnt will decrease the mean
inter-fire period, and many plant species have minimum intervals for persistence in a
landscape (Bradstock and Kenny 2003; Noble and Slatyer 1980; Syphard et al. 2006).
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Several authors have proposed that fuel management via prescribed fire could be used
to reduce overall greenhouse gas emissions from fire-prone areas (Hurteau and North
2009; Hurteau et al. 2008; Narayan et al. 2007). If leverage is below 1, emissions will
only be reduced if the emissions per ha of unplanned fire exceed those from
unplanned fire. Whether or not there is a GHG benefit depends on the leverage and
the ratio of emissions per ha from planned and unplanned fires.

The Sydney scenario had leverage below 0.5 for the patch design and below 1 for the
grid design, and both fell to about 0.25 at high treatment levels. Given that the grid
design is probably impossible to implement perfectly, most treatments will require 2 4 units of effort to reduce unplanned area by one unit. This results is strikingly similar
to the empirical study of Price and Bradstock (2011), leverage 0.33) and the regime
simulation of Bradstock et al. (2008), leverage 0.25) for the same study area, and to
the empirical study of Boer et al. (2009) for similar forests in south-western Australia
(leverage 0.25).

The Arnhem Land scenario, on the other hand, had a leverage value above 1 for all
levels of treatment for both the patch and grid designs. Primarily, this is due to the
high incidence of unplanned fire, but the modest time to accumulate fuel, large fire
sizes and use of fire size distributions also make a small contribution. Like the other
scenarios, leverage decreases with treatment effort so there will be some optimum
treatment level. These results for Arnhem Land give somewhat higher leverage values
than the empirical ones (1 by Price et al. (in press) and 0.89 by Gill et al. (2000)). The
difference may be because unplanned fires are not randomly distributed across
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Arnhem Land. Although the overall incidence of fire is 25%, much of the region has a
lower incidence.

Being a simulation, and therefore a simplified representation of complex fire
behaviour, some caveats should be placed on the interpretation. As mention
previously, spreading fires to neighbouring cells is a poor representation of the true
pattern of fire-spread. The values used for the effect of fuel accumulation was
subjective because the literature (Conroy 1993; McArthur 1967; Russell-Smith et al.
2009) gives values for fuel mass and rate of spread, but not for the probability that
spread will occur. The patch design is probably sensitive to the size and shape of the
treatment patches applied, and the simulation used small and perhaps unrealistically
shaped patches. Topographic variation is likely to affect fire spread in real landscapes.
Finally, as mentioned above, non-randomness in spatial fire patterns (Syphard et al.
2008) will affect leverage calculations. All of these factors lead to uncertainty in the
resultant leverage values, but probably do not alter the overall conclusions of the
study: that leverage is proportional to spread probability, fire size, treatment level and
most of all, design and fire extent, and is somewhere near 1 for Arnhem Land and
well below 1 for south-eastern Australia.

Can these results be used to categorise other fire-prone biomes? Notwithstanding the
caveats mentioned above, I believe so. The main drivers of leverage are fire extent
and spatial configuration of the treatment, with moderate contributions from fire
spread probability, fire size and residual fuel reduction. These parameters have been
or can be measured for all fire-prone biomes. Since tropical savannas are the most
fire-prone biomes on earth (Dwyer et al. 2000), they will yield the highest return for
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treatment effort. Most of the other well-studied fire-prone biomes in the world have
relatively low fire incidence. For example, is it about 1.4% per year in the chaparral of
California (Minnich and Chou 1997); 6% for shrub-lands and 2% for pine forests in
Spain (Pausas et al. 2008); 1% or less for the boreal forests (Flannigan et al. 2005;
Gray 1995) and taiga (Burton et al. 2008) in Canada; and 1% for the boreal forests
and taiga of Siberia (Soja et al. 2004). All of these biomes will have leverage values
well below 1, and for most of them, probably lower than the values as found in
Australian forests. This has profound implications for the impact of prescribed
burning on biodiversity and greenhouse gas emissions.

In conclusion, this study has found several drivers of prescribed burning effectiveness
(leverage), the principal ones being the extent of unplanned fires, treatment level and
spatial design. In practical situations it is difficult to obtain a leverage value above 1,
and this will probably only occur in the most fire-prone biomes (such as savannas) or
where a grid design can be effectively applied.
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Table 1: A description of the 36 scenarios in the study. For each row, there is a Grid
and Patch scenario (with the exception of porous Grid scenarios for which no
equivalent Patch scenarios were conducted). For each scenario, 16 different treatment
levels were investigated.
Description
Default
Spread Probability = 1
Spread Probability = 0.8
Spread Probability = 0.7
Gaps 1 in 10
Gaps 1 in 5
Fuel reduced to 0.2
Fuel reduced to 0.33
Fire Incidence 28%
Fire extent 17%
Fire Extent 5%
Fire Incidence 3%
Fire Size 250 cells
Fire Size 5000 cells
Fire size distribution
Residual Fuel k = 1
Residual Fuel k = 0.5
Residual Fuel k = 0.25
Sydney
Arnhem Land

# of
Fires

Time Steps
20
20
20
20
20
20
20
20
80
40
10
5
100
5
20
20
20
20
100
280

100
100
100
100
100
100
100
100
100
100
100
100
40
240
Distribution
100
100
100
Distribution
Distribution

Extent
(% burnt)
10
10
10
10
10
10
10
10
28
17
5
3
10
10
10
10
10
10
5
28

Spread
Prob.
0.9
1
0.8
0.7
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9
0.9

Accumul‐
ation k
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
1
0.5
0.25
0.5
1

Gaps / Fuel
Reduction
None
None
None
None
Gaps 1 in 10
Gaps 1 in 5
FR = 0.2
FR = 0.33
None
None
None
None
None
None
None
None
None
None
None
None
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Table 2: Summary of the results for the 36 scenarios. For each scenario, the leverage
values at 1% and 10% treatment are reported.
Grid
Description
Default
Spread Probability = 1
Spread Probability = 0.8
Spread Probability = 0.7
Gaps 1 in 10
Gaps 1 in 5
Fuel reduced to 0.2
Fuel reduced to 0.33
Fire Incidence 28%
Fire extent 17%
Fire Extent 5%
Fire Incidence 3%
Fire Size 250 cells
Fire Size 5000 cells
Fire size distribution
Residual Fuel k = 1
Residual Fuel k = 0.5
Residual Fuel k = 0.25
Sydney
Arnhem Land

Leverage
at T = 1%
1.58
0.81
2.70
4.12
1.33
1.10
0.90
0.82
3.85
2.66
0.94
0.51
0.67
3.22
4.82
3.04
2.59
2.00
0.87
6.29

Leverage
at T = 10%
0.89
0.65
1.01
0.82
0.81
0.69
0.51
0.62
2.54
1.59
0.49
0.26
0.70
0.95
0.97
0.97
0.95
0.92
0.43
2.46

Patch
Leverage at
T = 1%
0.36
0.33
0.53
1.21
na
na
na
na
1.11
0.82
0.32
0.27
0.32
0.33
1.10
1.54
1.27
0.64
0.55
2.30

Leverage
at T = 10%
0.38
0.39
0.54
0.59
na
na
na
na
1.00
0.68
0.23
0.13
0.29
0.45
0.53
0.85
0.75
0.57
0.32
1.52
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Figure 1: Examples of the simulations. a) the pattern of fires in one replicate of the
basic scenario with no treatment; b) 2% of landscape treated with a grid design; and c)
2% treated with random patches.

Figure 2: The response of unplanned fire to increasing levels of treatment for
different treatment designs: a) The area of unplanned fire for four designs (randomly
located patches; a regular grid, a grid with 1 cell in 10 un-treated; and a grid where
burn probability was reduced to 0.33 rather than 0); b) The corresponding leverage
values for the same designs.

Figure 3: The response of unplanned fire to increasing treatment levels for different
fire spread probabilities. For grid and patch designs, three spread probabilities are
shown (P = 0.7, 0.9 and 1.0). a) Area of unplanned fire; b) Corresponding leverage
values. For each spread probability, the number of time-steps for fires was adjusted so
that the extent of fires in the absence of treatment was similar in all scenarios (10%).

Figure 4: The effect of three different levels of fire extent on the relationship between
planned and unplanned fires for patch and grid designs. a) Area of unplanned fire; b)
Corresponding leverage values.

Figure 5: The effect of fire size on the relationship between planned and unplanned
fires for patch and grid designs. Large fires were an approximately 2% of the
landscape and small fires were 0.1%. FSD refers to drawing fire sizes from a realistic
distribution. a) Area of unplanned fire; b) Corresponding leverage values. For each
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scenario, the number of fires was adjusted so that the extent of fires in the absence of
treatment was 10%.

Figure 6: The effect of residual fuel reduction on the relationship between planned
and unplanned fires for the patch and grid designs. a) Area of unplanned fire; b)
Corresponding leverage values. The continuous lines, with a k-value of 2.5 are the
default patch and grid designs.

Figure 7: The results of the ‘realistic’ scenarios for Sydney and Arnhem Land for the
patch and grid designs. a) Area of unplanned fire; b) Corresponding leverage values.

Figure 8: Regression tree analysis of the drivers of leverage. The numbers at each
terminal node are the mean leverage value for the node and the sample sizes are in
parenthesis. Each division is a logical expression and the tree continues to the left for
a positive and to the right for a negative response. E.g. The left hand terminal node
states that the mean leverage for scenarios with extent < 22.5%, treatment level < 9%
and grid design is 1.488.
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